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Abstract With the ever increasing complexity of in-
dustrial systems, model-based control has encountered
difficulties and is facing problems, while the interest in
data-based control has been booming. This paper gives
an overview of data-based control, which divides it into
two subfields, intelligent modeling and direct controller
design. In the two subfields, some important methods
concerning data-based control are intensively investi-
gated. Within the framework of data-based modeling,
main modeling technologies and control strategies are
discussed, and then fundamental concepts and various
algorithms are presented for the design of a data-based
controller. Finally, some remaining challenges are sug-
gested.

Keywords offline and online data, intelligent model-
ing, data-based control, perspective

1 Introduction

Since the latter half of the 20th century, classical and
modern control theory have developed in a number of ar-
eas and branches, such as system identification, adaptive
control, robust control, optimal control, variable struc-
ture control, and stochastic control, and have achieved
remarkable results in industrial processes, aerospace,
military, and many other fields. Classical and mod-
ern control can be called as traditional control due to
a common property that control is based on mathe-
matic models. It follows two steps to a practical applica-
tion, first describing dynamic systems and establishing
corresponding models, and second designing controllers
based on special models to stabilize processes, which can
achieve good effect for simple systems.
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However, in recent years, industrial processes have
undergone significant changes along with the rapid de-
velopment of information technology [1,2]. Typical ex-
amples are the processes seen in steel making, mate-
rial processing, chemical plants, and mineral processes,
etc. The increasing scale, complex nonlinearities, time-
delays and multiple variables, all of these make con-
trolled systems increasingly sophisticated and also have
brought about tremendous challenges to traditional con-
trol [3]. When traditional control, i.e., model-based con-
trol, comes across a sophisticated system, it is often hard
to establish a mathematic model and guarantee the con-
trol reliability. From the perspective of application, a lot
of practical issues, such as chemical processes, controllers
are required to be low cost with optimal targets, while
model-based control needs high cost to realize effective
control by much exploration about the model and con-
troller. Batch process is another example [4], different
batches have different products, so it is unthinkable to
model each batch and each product to improve quality
and output [5]. Therefore, a global mathematic model is
unlikely to be acquired, and a local mathematic model
is also not accurate with increasing complex factors of
industrial systems. Traditional control is becoming more
and more powerless and has encountered problems and
challenges.

A new phenomenon for industrial processes is that in-
dustrial processes generate and store a great deal of data.
The explosive growth of data is even from terabytes to
petabytes. Data means information. How to utilize of-
fline and online data to achieve effective control has be-
come a pressing issue and the concept of data-based con-
trol is presented resulting from the above problem. In a
small number of existing literatures, it is also called data-
driven control, modeless control, model-free control, and
SO on.

Data-based control is only in its infancy, but has at-
tracted a lot of attention from foreign and domestic
researchers. The Institute of Mathematics and its Ap-
plication of Minnesota University convened a special
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3-day seminar in 2002, named “IMA hot topics work-
shop: data-driven control and optimization”. The Na-
tional Natural Science Foundation of China held a
special symposium on “data-based control, decision-
making, scheduling and fault diagnosis” in 2008. Con-
trol theory and methods have significant developments
along with the progress of science, from the classical con-
trol based on transfer function, to the modern control
based on state-space model, as well as to intelligent con-
trol without the dependence on strict models. Intelligent
control is an advanced stage of control theory and data-
based control is an important branch of intelligent con-
trol. Figure 1 shows the various stages of control theory
and main analysis and synthesis methods.
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Fig. 1 Various stages of control theory and main methods

Data-based control has two major ideas. One is intel-
ligent modeling based on data, and designing a corre-
sponding controller according to the data-based model,
then there are some researches about convergence, sta-
bility, and robustness under certain assumptions. The
other idea is to design the controller directly by online
and offline data and analyze properties of convergence,
stability, and robustness. The main aim of this paper is
to focus on the new data-based control by reviewing the
main approaches adopted.

The paper is organized as follows. In Sect. 2, we dis-
cuss the present status and key problems of data-based
intelligent modeling and control. Section 3 is devoted to
direct methods from data to controllers. Finally, we con-
clude the paper and also present several considerations
centered on data-based control in Sect. 4.

2 Data-based intelligent modeling and
control

The performance of a controller depends on how well
the system dynamics have been captured by the model.

Hence, modeling is considered as a crucial technology
so that accurate information about the system can be
obtained and utilized.

2.1 Intelligent modeling methods based on data

A number of sensors in an industrial process record and
store large volumes of data when the system works.
Data-based modeling mainly explores the system modes
from data beginning with data sources, to data prepro-
cessing and data understanding, and last to modeling
algorithms by technologies of data mining and machine
learning.

Data mining and machine learning extract non-trivial,
implicit, previously unknown, and potentially useful pat-
terns or knowledge by automatically analyzing massive
data. Classification, as a kind of form of data learning,
has been widely studied and effective methods include
decision trees induction, Bayesian network, support vec-
tor machines (SVMs), associative classification, neural
networks (NNs), genetic algorithm, rough set, and so on
[6-8]. Regression has its root in classification, so some re-
vised versions of classification algorithms also have good
performance in regression. Taking neural networks as an
example, although the understanding of natural intelli-
gent behavior and designing intelligent machines still re-
main a challenging topic [9,10], it has been widely used
for modeling and control including back propagation
(BP) networks, radial basis function (RBF) networks,
Hopfield networks, self-organizing mapping (SOM) net-
works, counter propagation networks (CPNs), qubit neu-
ral networks, and so on [11]. SVM is another important
methodology in the area of intelligent modeling, still also
in classification. By solving convex optimization prob-
lems, it can find a global optimization result to over-
come the local minimum in neural networks. It mainly
includes &-support vector regression (SVR), v-SVR, least
square-SVR, twin-SVR and ridge regression [12].

Load forecasting, as a typical modeling problem, is fo-
cused on economic generation of power, economic alloca-
tion between plants, maintenance scheduling and system
security. We proposed a fuzzy two-stage modeling tech-
nique with particle swarm optimization based on data
for short-term load forecasting in Ref. [13]. In order
to build a more excellent model to forecast loads, we
gave a novel hybrid algorithm combining the fuzzy SVR
method with the linear extrapolation based on similar
days in Ref. [14]. The fuzzy SVR was used to consider
the lower load demands and the normal load in week-
days was forecasted by the linear extrapolation based
on similar days.

In general, most regression algorithms are considered
as supervised learning, which extracts information from
existing label data and produces the correct output when
a new input comes. Semi-supervised learning, as a rising
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modeling method, seeks to understand how to combine
labeled and unlabeled data and take advantage of such a
combination. In Refs. [15,16], semi-supervised SVM and
semi-supervised least square (LS)-SVM were proposed.
In Ref. [17], the authors presented a simple unification
of several supervised and unsupervised training princi-
ples through the concept of optimal reverse prediction.
Semi-supervised learning is of great interest because it
can use unlabeled data to improve supervised learning
tasks when the labeled data is scarce or expensive.

2.2 Data in intelligent model

The data in modeling algorithms is grouped into online
data, offline data, and mixed online and offline data.
Reference [18] defines what online and offline data are
and introduces the relationship between them.

Most modeling algorithms are based on offline data
and models do not change when processes run, which
may lead to an instant error due to lack of updating.
Two characteristics of offline data for modeling are ex-
pected. One is the sufficiency. It is assumed that offline
data is the abundance of samples that evenly spread over
the range of interests in the sample space. The other is
the completeness. The offline data sequence in a sample
should be complete or dense almost everywhere.

Many studies on online data have appeared recently,
mainly including online passive-aggressive algorithms
[19], online kernel learning in a reproducing kernel
Hilbert space [20], and implicit online learning with ker-
nels [21]. Online modeling algorithms are more useful
when the system to be identified is time-variant, be-
cause online data captures the latest information and re-
flects varying characteristics of a process. However, some
drawbacks still exist, for example, it suffers from local
information, data loss and bias because online data only
contains a portion of a sample.

Based on the above mentioned problems, modeling
based on mixed online and offline data is really expected,
which can make full use of online data and offline data to
overcome some existent difficulties. One idea in Ref. [18]
proposed to find the similar relationship between online
data and offline data and use offline data to revise online
data as though it is online.

2.3 Control methods of data-based model

The main control methods of data-based model include
inverse control, internal model control and predictive
control, etc. They require that the controlled plant is
invertible and stable.

2.3.1 Inverse control of data-based model

Inverse control has been widely approved in the control
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of nonlinear systems due to evident physical meaning
and simple implementation. The inverse model of a con-
trolled system is used as a serial controller in an open-
loop way. Instable phenomenon may be aroused due to
an open way so that an added controller is introduced to
form a closed-loop control with error feedback as shown
in Fig. 2.

nonlinear | y

plant i

Fig. 2 Schematic diagram of inverse control with error feedback
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Consider a reversible nonlinear system described in
the following input-output model:

F(Y(k+ ), Yo, U(k),Uq) =0, (1)
where Y € R*, U € R™ Y(k 4+ «) = (ni(k +
al);yQ(k + a2)a---ayn(k + an))’ Yo = (yl(k + o1 —
D),..ooyi(b+ar —p1),ya(k +az —1),...,y2(k + a2 —

P2y ynll + @ — 1)y syl + an — pa)), U(K) =
(ur(k),uz(k), ..., um(k)), Ug = (u1(k —1),...,u1(k —
@)se st (k—1), ., U (), @ = (01,02, .., )
denote the relative delays of the output to the input,
q=(q1,92,---,qm) and p = (p1,p2,-..,pn) express the
input orders and the output orders, respectively.

If we set ¢(k) = Y(k + «) as the vector expression
of p1(k) = y1(k + on), d2(k) = ya(k + a2), ..., du(k) =
yn(k + @), the inverse system can be expressed as fol-
lows:

Uk)=fY(k+a),Ya,Ua) = f(d(k),Ya,Ua). (2)

The formula of the input ¢(k) and the output U(k) is
the inverse expression of the original system. In the for-
mula, ¢(k), Yo and Ug are measurable, so that intel-
ligent modeling algorithms can be applied to approach
inverse model based on data. Then the inverse model is
cascaded to rebuild a composite linear system with the
decoupling transfer function

(623

Gy() = 1) ={Z L)

0, i#j

It has a linear transfer function, although nonlinear cou-
pling still exists within the composite system. So the
inverse model is considered as a decoupling controller.
The idea of inverse control used in intelligent model
can be observed from the following work. Dai et al. pre-
sented an NN inverse control method [22], and systemat-
ically studied the inverse problem of nonlinear systems
based on neural networks. Under the condition of the
existent inverse model of a controlled plant, when vari-
ables to approach the inverse model can be measurable,
neural networks were utilized directly. When unmeasur-
able variables were needed in approaching, the assumed
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inherent sensor was proposed to estimate crucial pro-
cess variables, see Ref. [22], where unmeasurable vari-
ables were acquired using the assumed inherent sensor
and then the inverse model was approached by neural
network. In Ref. [23], an adaptive inverse control algo-
rithm was proposed, where a fast online SVR algorithm
was used to approach the inverse model of a controlled
plant, then applied the online inverse model as a direct
inverse controller, and output errors were used to adjust
online SVR inverse model.

2.3.2 Internal model control of data-based model

Internal model control was put forward by Garcia in
1982 with good tracking performance and strong robust-
ness against unknown disturbance and model mismatch
[24,25]. Internal model control uses an explicit model in
parallel with the process, but most industry processes in-
clude nonlinearity, delays and time varying, and they are
very difficult to establish explicit models so that data-
based identified algorithms are applied to approach con-
trolled plants and their inverse models.

A basic internal model control framework is shown
in Fig. 3, where the inversion of internal model is con-
stituted as a controller, and adjusted by error feedback.
The internal model and its inversion can be estimated by
intelligent algorithms and optimization methods based
on data [26]. Internal model control based on data has
many research results. Nahas identified the controlled
plant and its inversion using BP networks and studied
reversible conditions of nonlinear systems, which truly
opened up the study of neural network internal model
control based on input-output data [27]. Wang et al. used
SVR to model the internal model and the inverse con-
troller under the reversible condition, and results showed
that the internal model control based on SVR had a sim-
plified model and good control performance compared
with that based on neural networks [28]. The 2-port

inversion of

filter 1 3
internal model
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control structure was introduced to internal model con-
trol to develop a complete framework in Ref. [29]. The
structure can improve the performance of tracking, anti-
windup, and anti-interference. Reference [30] presented
enhanced internal model control against uncertainties,
which consisted of a nonlinear model control and an
error feedback loop to achieve disturbance attenuation,
but the tracking performance was not modified.

Reference [31] proposed a new internal model control
method based on inverse model. This method identified
the inverse model and then cascaded the inverse model
and the original system to decouple the nonlinear system
into several composite linear subsystems. The internal
model control was applied to the composite system. The
diagram of improved internal model control is shown in
Fig. 3.

In the new framework, the internal model is in the
form of the linear transfer function, which avoids the
situation of irreversible internal model G,,(z). There-
fore, the inversion of internal model has analytic expres-
sion according to the linear transfer function in Eq. (3),
namely G,(z) = diag{z=*,z7*2 ..., z7*}. The in-
ternal model controller G.(z) is the product of a robust
filter F(z) and G }(2) [20]. d(z) is a jamming signal.
The tracking errors of the internal model control system
can be described as

G.(2)Gpn(z) -1

Considering the composite system G(z) may have errors
in modeling, the pseudo linear system can be assumed
G(z) = Gm(2)(1+hp(2)). The internal model controller
can be written as G.(z) = F(2)G,,}(2).

m

2.3.3 Model predictive control of data-based model

Model predictive control is recognized as a very powerful
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Fig. 3 Diagram of internal model control. (a) A basic framework; (b) an improved framework
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approach to handle actual industrial control problems.
The main issue in implementation of nonlinear model
predictive control is the computational complexity of
control variables [32]. The rationale underlying model
predictive control is to transform a control problem into
an optimization one, so that at any sampling time, a se-
quence of future control values is computed by solving a
finite horizon optimal problem [33-35]. For a nonlinear
system, by setting the current values of the system as
initial values, the data-based model is used to predict
the future outputs over a length of a moving horizon N
at each sampling instant, future control values are solved
by a finite horizon M optimal problem.

The optimization problem of model predictive control
is formulated as

N n
min J = ZZ[ym(k +v) — ypi(k +v))?

v=11i=1

M-1 m
+ Z Mo Z[ul(k +0) —ui(k4+v— 1)
v=0 =1

z(k + U) < Umax)
ik+v) —ui(k+v—1) < Atumax. (4)

yri(k+v) —ypi(k+v) expresses errors between predicted
outputs and desired trajectories, u;(k+v) —u;(k+v—1)
expresses the change rate of a control signal, and 7, de-
notes a weighted term. Only the first element of the
computed sequence is effectively used while all subse-

S.b. Umin < U
A’U/min <u

quent control signals in the control sequence are dis-
carded. This procedure is repeated at every sampling
instant using the most updated data of the process [36].

Because of the model mismatch and interference, pre-
dictive outputs and actual outputs still have predictive
errors. The expression of predictive errors is e;(k) =
yi(k) — ypi(k). Predictive errors reflect the uncertainty
that is not included in the predictive model, which
would be a helpful supplement for prediction. Based
on the way of feedback compensation to correct fu-
ture outputs, predictive outputs can be expressed as
Yoi(k+v) = ypi(k+v)+he;(k),v =1,2,..., N. The struc-
ture of data-based model predictive control is shown in
Fig. 4.

lk+v) +C optimation u(k) nonlincar | J(k)
i plant
» +
data-based | YplX) —
wlk+v)v=0.1....M=1| model C)
yktv)v=12, N [ |.J IplkF)v=1.2,...N
h e(k)

Fig. 4 Structure map of model predictive control

In Ref. [37], continuous time recurrent neural networks
were used in nonlinear model predictive control. The
future dynamic behaviors of a nonlinear process were
predicted by neural networks in real time. Automatic
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differentiation techniques were developed as an efficient
training algorithm. The same neural networks approach
was also used to solve the online optimization problem
in the predictive controller. In Ref. [38], we presented a
single-step predictive control algorithm based on data-
based model. The method utilized least square support
vector machines to approach a nonlinear system and
forecast the outputs and reduced predictive errors by
feedback correction. The control values were obtained
by the rolling optimization of particle swarm optimiza-
tion.

3 Data-based controller design

3.1 Outline for direct controller design methods based
on data

In this section, we mainly elaborate some existing meth-
ods from data to controller directly. Some methods based
on online data have simultaneous perturbation stochas-
tic approximation (SPSA), model free adaptive control
(MFAC), unfalsified control, and so on. SPSA was pre-
sented by Spall in 1993 [39-41] which is a direct ap-
proximation control method. This method does not re-
quire knowing the model of the controlled plant, and
only makes use of closed-loop data to tune parame-
ters of the controller. MFAC was proposed by Hou in
1994 [42,43]. The basic idea is that an equivalent dy-
namic linear model replaces the general discrete-time
nonlinear system at the current operating point, and
estimates online the pseudo-partial derivative in the dy-
namic linear model only with input-output data, so as
to realize model free adaptive control. Unfalsified con-
trol presented by Safonov is a non-model adaptive con-
trol method and selects a specific controller as the cur-
rent controller from the candidate controllers based on
input-output data [44].

Yamamoto proposed data-based proportional-
integral-differential (PID) control that tuned PID pa-
rameters with data and broadened the traditional PID
method [45]. Hjalmarsson proposed iterative feedback
tuning that found the optimal controller parameters us-
ing the data of closed-loop system and gradient-based
iteration. These are based on offline data [46-48].

Control based on offline data cannot make a timely re-
sponse and adjustment to the adventitious interference
such as load variations and other uncertainties. Control
based on online data may not meet the condition of suf-
ficient incentive, which leads to a model mismatch and
unmodeled errors. The ideal data-based control is always
expected to make use of online and offline data during
the process on different levels as we mentioned above.
Iterative learning control and approximate dynamic pro-
gramming, as typical algorithms, are proposed based on
online and offline data.
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3.2 Approximate dynamic programming method for
controller design based on data

Dynamic programming is a general approach for sequen-
tial multiple stage optimization [49]. Consider a system
z(t +1) = f(x(t),u(t),t), where z € X C R"™ is the
state and u € A C R™ is the control action. The per-
formance index is typically a discounted infinite sum of
single-stage cost,

T(w(i),i) = Y _ 7" U (a(k), u(k), k), (5)
k=i

where U is the given utility function and + is the dis-
count factor with 0 < v < 1. According to Bellman’s
principle of optimality, the optimal cost from time ¢ is
unique and satisfies

J*(z(t),t) = min{U (x(t), u(t), t) +yJ (z(t+1),t + 1)}.
(6)

The optimal control u*(t) at time is the w(t) that
achieves this minimum, i.e.,

u*(t) = argﬁl(itr)l{U(:zr(t), u(t),t) +yJ*(x(t+1),t +1)}.
(7)

Approximate dynamic programming has its roots in
artificial intelligence and closely follows the ideas of re-
inforcement learning and neuro-dynamic programming.
The approach makes use of online and offline data, es-
timates the control index or its partial derivatives by
an approximate function, and thus optimizes a control
law to make it close to the control law given by the
traditional dynamic programming. It is characterized by
function approximation and iterative improvement of a
control law within limited regions of state space. The
usual barrier of curse-of-dimensionality [50] is alleviated
by employing closed-loop simulations and function ap-
proximation. A typical approximate dynamic program-
ming includes model, critic network and action network
shown in Fig. 5. Each module can be achieved by neu-
ral networks which compose an adaptive dynamic pro-
gramming system. Critic network and action network are
trained by minimizing E2(t) = {Q(t—1)—U(t)—yQ(¢)}?
and U(t) +vQ(¢).

b

critig” | Q(N=J(t+1)
netwbrk ?
,/
7 |ulh) 1
1) it x(t+1)
geyon model —_—
nefwork

s
'

Fig. 5 Two modules in a typical action-dependent approximate
dynamic programming

Approximate dynamic programming has also made a
lot of success in data-based optimal control. In 2001,

Si proposed an online reinforcement learning approach
[51]. This method did not require access to the nonlin-
ear mathematic model of the system and utilized neu-
ral networks to approximate the control index and opti-
mize the control law according to online data and con-
trol signals, which achieved the online optimal control of
a nonlinear system. In Ref. [49], the authors presented
two different approximate dynamic programming strate-
gies for nonlinear control using input-output data alone.
One called J-learning, which built an empirical model
and performed dynamic programming with it to derive
an improved control policy. The other called Q-learning,
which learned an improved control by periodically up-
dating online data without involving an explicit model.

Data-based approximate dynamic programming has
penetrated into a large number of scientific fields and
has made great progress, but main theories require the
known mathematic model of a nonlinear system [52-54]
and control systems studied are relatively simple sys-
tems. The current data-based approximate dynamic pro-
gramming only involves the theoretical analysis and sim-
ulation and is difficult to directly control actual systems.
It still does not consider some difficult factors existing
in complex systems, such as nonlinear, time-delay, cou-
pling, and so on.

3.3 [Iterative learning control for controller design
based on data

Iterative learning control was first presented in Ref. [55]
and has been applied in various industrial systems, in-
cluding robot arm manipulators, chemical batch pro-
cesses and reliability testing rigs. It shows good perfor-
mance for the trajectory tracking of unknown plants,
which attracts many scholars at home and abroad and
have done further study from various angles.

Iterative learning control assumes that the system can
repeatedly operate on the same task under the same
conditions and the desired output is defined first. The
theory mainly includes stability and convergence, learn-
ing laws and system structure, learning speed, robust-
ness, analysis methods of iterative learning process, and
initial value problems. These elements are all interre-
lated. Mathematic tools of proving stability and con-
vergence are mainly calculus inequalities, 2-D theory,
Lyapunov theory and operator theory. Learning laws
contain P-type, D-type, PID-type, higher-order learn-
ing law, robust learning law, as well as other learning
algorithms. System structure means an open-loop learn-
ing, a closed-loop learning, and a combination of open-
loop and closed-loop learning. To speed up the learn-
ing, an optimal learning control scheme and a higher-
order learning law were proposed. The robustness of it-
erative learning refers to that the iteration can converge
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to the neighborhood of the desired values under a va-
riety of bounded disturbances and can converge to the
desired values when interference is canceled. Robustness
is a broader problem than stability [56-59]. Analytical
methods of iterative learning mainly include frequency-
domain, time-domain, 2-D analysis, and so on.

The initial states in most algorithms are usually set
as 2 (0) = z4(0), k =0,1,2,..., and k is the number of
iteration. Assuming that a system repetitively performs
a given task during a period of time, it can be described
as

{iz(t) = f(a(t), ult),1), @)
y(t) = g(z(t), u(t),t),

where z € RY, y € R™, and u € RP denote states,
inputs and outputs, respectively, f(-) and g(-) express
functions with unknown parameters and uncertain struc-
ture, ¢t denotes different time step and T is the dura-
tion. In a given period t € [0,7], with an initial state
2;(0) and a desired output yq(t), the aim is to find
a control wug(t), which makes the outputs yi(¢) track
the reference yq(t) as close as possible. If we define
tracking error as ex(t) = ya(t) — yr(t), the aim is that
limy_. ex(t) = 0. The control variables are described
as Uk+1(t) = Llug1(< t), uk(-), ug—1(-), -+ Uk—n(),
er+1(< 1), ex(+), ex—1(-) - - -, €k—n(:)), which shows that
the current control variables depend on previous control
variables and previous errors. L is a linear or nonlin-
ear operator. Figure 6 is the block diagram of iterative
learning control.

Uy Yk
system —

| memory |

| memory | | memory |

gy I
learning law Yd

Fig. 6 Block diagram of iterative learning control

Because it utilizes the previous control data and the
output error data to modify the current control, iterative
learning control is currently only limited to some repeti-
tive processes. However, a large number of industrial sys-
tems do not have the character of repeating action, and
therefore it is worth exploring to extend iterative learn-
ing control to broader industrial systems. Convergence
rate is always an important topic for iterative learning
control. How to use a priori knowledge and its previous
learning information to improve the convergence rate is
still a valuable topic.

4 Conclusion and perspective

In this paper, we divide data-based control for nonlin-
ear systems into two subfields, intelligent modeling and
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direct controller design. We first discuss some algorithms
to show the state of the art of data-based modeling, and
then some control strategies of data-based model are in-
troduced. Second some approaches to design a controller
directly are demonstrated and methods that take ad-
vantages of offline data and online data are emphasized.
The theory and methods of data-based control for non-
linear systems are only in its infancy; there is still a lot
of work to be explored. Some remaining challenges are
considered as follows.

1) How to use offline data and online data. Offline data
is considered as perfect without interference data and in-
cludes all kinds of patterns of the system. The advantage
of online data is that they show dynamic characteristics.
Several groups of online data within a certain time may
express the behavior of a system more accurately. How
do we measure the similarities between offline and on-
line data and find similar offline data? It is valuable to
weigh the similarities of offline and online data to design
a local controller or a local model. The other idea is how
to cancel the impact of disturbance data by studying the
similarities between offline and online data. If one tra-
verses all offline data and finds that there is no pattern
of the online data, the weighted term can be adjusted to
reduce the effect of the online data.

2) How to reduce redundant data. Industrial processes
produce volumes of data. If all of data is used to model
or design a controller, it wastes computational time and
memory and seems an impossible work. Therefore, we
should find an approach to understand and extract ef-
fective data from mass data. How do we justify that the
observed data is independent or not and how many cat-
egories can approximate the model or a controller with-
out redundancy? From the mathematic point of view,
there is no co-linear representation between different di-
mensions of data and it is a process to find independent
vectors.

3) How to determine the stability of data-based con-
trol. All information can be considered as data. The the-
ory of data-based control is a very difficult and very
powerful problem and still many concepts are not de-
fined well, such as robustness of data-based control. For
this new control, many problems are worth exploring.
In a closed-loop system of data-based model, if the con-
trolled plant, the data-based model and the controller
are stable, is the control system closed-loop stable and
how do we decide that the data-based model is stable?
How do we determine if the data-based controller is sta-
ble and robust?

4) How to acquire the state space model based on
data. Most previous methods have been proposed for ap-
proaching the input-output model of plants. It is worth
thinking how to approach the state space model based
on data [60] because of clearer physical meaning, more
suitable for representing plants, easier incorporation of
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prior physical knowledge into models and smaller repres-

sor number than input-output models.

Although data-based control will come across many
challenges, we believe that it has an enviable perspective.
Effective control based on mass data is an important di-
rection with the development of information science.
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